To molecularly define high-risk disease, we performed microarray analysis on tumor cells from 532 newly diagnosed patients with multiple myeloma (MM) treated on 2 separate protocols. Using log-rank tests of expression quartiles, 70 genes, 30% mapping to chromosome 1 (P < .001), were linked to early disease-related death. Importantly, most up-regulated genes mapped to chromosome 1q, and downregulated genes mapped to chromosome 1p. The ratio of mean expression levels of up-regulated to down-regulated genes de-fined a high-risk score present in 13% of patients with shorter durations of complete remission, event-free survival, and overall survival (training set: hazard ratio [HR], 5.16; P < .001; test cohort: HR, 4.75; P < .001). The high-risk score also was an independent predictor of outcome endpoints in multivariate analysis (P < .001) that included the International Staging System and high-risk translocations. In a comparison of paired baseline and relapse samples, the high-risk score frequency rose to 76% at relapse and predicted short postrelapse survival (P < .05). Multivariate discriminant analysis revealed that a 17-gene subset could predict outcome as well as the 70-gene model. Our data suggest that altered transcriptional regulation of genes mapping to chromosome 1 may contribute to disease progression, and that expression profiling can be used to identify high-risk disease and guide therapeutic interventions. (Blood.
Introduction
Multiple myeloma (MM), a malignancy of terminally differentiated plasma cells homing to and expanding in the bone marrow, is characterized by a tremendous heterogeneity in outcome following standard and high-dose therapies. Although many of the genetic and molecular lesions associated with disease initiation are known, the lesions that promote an aggressive clinical course have remained elusive.
All myelomas can be broadly divided into hyperdiploid and nonhyperdiploid disease. [1] [2] [3] [4] Hyperdiploidy, typically associated with trisomies of chromosomes 3, 5, 9, 11, 15, 19 , and 21, is present in approximately 60% of patients. 5 Unsupervised clustering and nonnegative matrix factorization of high-resolution ologonucelotide array comparative genomic hybridization (aCGH) data has revealed hyperdiploid myeloma can be further segregated into 2 groups, one exhibiting trisomies of the odd chromosomes listed here and another exhibiting, in addition, gains of chromosomes 1q and 7, deletion of chromosome 13, and absence of trisomy 11. 6 Nonhyperdiploid myeloma can also be divided into 2 groups, one characterized by high-level amplification of chromosome 1q and deletions of chromosomes 1p and 13, and another characterized by the absence of chromosome 1 abnormalities but which harbors deletions of chromosomes 8 and 13. 6 Furthermore, transcriptional activation of CCND1, CCND3, MAF, MAFB, or FGFR3/MMSET (resulting from translocations involving the immunoglobulin heavy chain locus on chromosome 14q32) is typical of nonhyperdiploid myeloma and is present in approximately 40% of patients. 5, 7, 8 Using unsupervised hierarchical clustering of global gene expression patterns, we recently defined and validated the existence of 7 myeloma subgroups exhibiting strong correlations with hyperdiploidy and recurrent translocations. 9 In this study, 2 highrisk entities were identified, one revealing overexpression of proliferation genes and derived from cases evolving from the other 6 classes, while the other was defined by the t(4;14)(p16;q32) translocation. 9 Gains of the long arm of chromosome 1 (1q) are one of the most common genetic abnormalities in myeloma. 10 Tandem duplications and jumping segmental duplications of the chromosome 1q band, resulting from decondensation of pericentromeric heterochromatin, are frequently associated with disease progression. [11] [12] [13] Using aCGH on DNA isolated from plasma cells derived from patients with smoldering myeloma, Rosinol and colleagues showed that the risk of conversion to overt disease was linked to gains of 1q21 and loss of chromosome 13. 14 Using interphase fluorescence in situ hybridization (FISH) analysis, we confirmed these findings. In addition, we showed that gains of 1q21 acquired in symptomatic myeloma were linked to inferior survival and were further amplified at disease relapse. 15 We now report on gene expression profiling (GEP) of purified myeloma plasma cells obtained prior to initiation of therapy in 2 large, principally similarly treated, cohorts of patients with myeloma to identify a signature associated with short survival. Elevated expression levels of genes mapping to chromosome 1q and reduced expression levels of genes mapping to 1p constituted a high-risk score present in a small group of 13% of patients with very short survival.
Materials and methods

Patients
Purified plasma cells were obtained from normal healthy subjects and from patients with monoclonal gammopathy of undetermined significance (MGUS) and with overt myeloma requiring therapy. Patient characteristics of training (n ϭ 351) and validation (n ϭ 181) groups have been previously described. 9 Of 351 patients in the training group, 51 also had samples taken at relapse. Both training and validation groups were treated on National Institutes of Health (NIH)-sponsored clinical trials UARK 98-026 and UARK 03-033, respectively. Both protocols used induction regimens followed by melphalan-based tandem autotransplantations, consolidation chemotherapy, and maintenance treatment. The Institutional Review Board of the University of Arkansas for Medical Sciences approved the research studies, and all subjects provided written informed consent approving use of their samples for research purposes.
GEP
Plasma cell purifications and GEP, using the Affymetrix U133Plus2.0 microarray (Santa Clara, CA), were performed as previously described. 9, 16 Microarray data and outcome data on the 532 patients used in this study have been deposited in the NIH Gene Expression Omnibus 17 under accession number GSE2658.
Statistical and microarray analyses
Affymetrix U133Plus2.0 microarrays were preprocessed using GCOS1.1 software (Affymetrix, Santa Clara, CA) and normalized using conventional GCOS1.1 scaling. Log-rank tests for univariate association with disease-related survival were performed for each of the 54 675 "signal" summaries. Specifically, log-rank tests were performed for quartile 1 (Q1) versus Q2 through Q4 and Q4 versus Q1 through Q3 in order to identify under-and overexpressed prognostic genes, respectively. A false discovery rate cutoff of 2.5% was applied to each list of log-rank P values 18 yielding 19 underexpressed and 51 overexpressed probe sets. Heat map-column dendrograms were computed with hierarchical clustering using Pearson correlation distances between patient pairs' log 2 -scale expression. Column-dendrogram branches were sorted left to right based upon each patient's difference between the average log 2scale expression of the 51 up-regulated and the 19 down-regulated genes: this difference is interpreted as an up-/down-regulated mean ratio (ie, geometric mean) on the log 2 scale. This simple, univariate summary of the 70-gene expression profile for each patient may enhance robustness to residual array effects (ie, after MAS5.0 processing) that increase or decrease all 70 genes multiplicatively, and is also independent of the MAS5.0 scale factor. Weighting expression by hazard ratios, unstandardized or standardized (ie, Wald statistics), does not improve this score, and our design was to use no supervision by overall survival (OS) or event-free survival (EFS) beyond the gene-by-gene log-rank tests. We then clustered the log 2 up-/down-regulated mean ratio using K-means into 3 groups to separate out the small extreme right mode in the histogram: the 2 groups with lower up/down mean ratios were combined. The single extreme mode in the up/down mean expression ratio is consistent with the extreme quartile log-rank tests used in the differential expression analysis, though the histograms and the righthand side of the heat maps suggest that the extreme patient group is smaller than 25% (closer to 13%). Note that different clustering algorithms and numbers of groups generate high mean ratio groups between 12% and 29% of patients: we chose K-means (with K ϭ 3) since it was best (ie, among simple algorithms for the univariate log 2 ratio) at separating the small right-hand mode from the larger distribution. Any univariate cutoff capturing between 10% and 30% patients is significant for OS in the 351 patient training set. In the 181 patient validation set, K-means clustering was performed independently to produce an independent cutoff for high versus low log 2 ratios. Application of the training set cutoff in the validation set provides an independently validated classification error of 1.7% (ie, 3 patients in the low-risk validation set are classified as high risk). We present an early validation based upon an independent cohort treated under a newer protocol in order to illustrate and provide strong supporting evidence for the association of the 70 gene up-/down-regulated mean ratio with OS. We expect the high-risk cutoff for the mean ratio to be associated with survival broadly in newly diagnosed patients, regardless of protocol, so that the difference in protocol for the validation set strengthens the evidence rather than weakening it. The mean ratio may also be associated with outcome in previously treated patients; however, new cutoffs for the ratio would be required to define a high-risk group. An important caveat is that the 70 genes are not particularly suited to explaining outcome among the lower two-thirds of patients (ranked by the mean ratio): this is consistent with the original log-rank screens, which lumped 75% of the patients into a single group for the Q1 and Q4 log-rank tests: these genes identify the most aggressive myeloma plasma cells, by design.
To determine the exact genome map location and order of the probe sets on the Affymetrix U133Plus2.0 microarray, software was developed to automatically query the National Center for Biotechnology Information (NCBI) search engine (http://www.ncbi.nlm.nih.gov/entrez) for all gene start and end sites. The location of each probe set was then compared with its corresponding gene or transcript start point and aligned from the p-arm telomere to q-arm telomere. In this manner, more than 98% (53 581 of 54 675) probe sets were given an exact chromosome position.
Distributions of EFS, OS, and duration of complete remission (dated from onset of complete response) were estimated using the Kaplan-Meier method, 19 and log-rank statistics were used to test for their equality across groups. 20 Chi-square tests and Fisher exact tests were used to test for the independence of categories. Multivariate proportional hazards analyses, adjusted the effects of predictors and the proportions of observed heterogeneity explained by the combined predictors (ie, R 2 ), were computed. 21 Table  5 summarizes a multivariate linear-regression analysis of the log 2 -scale up-/down-regulation ratio. The statistical package R version 2.0.1 22 was used for this analysis.
A stepwise multiple linear discriminant analysis (MSDA) with the Wilk lambda criterion 23 . The cutoff value was 1.5, such that values less than 1.5 indicated the sample belonged to the low-risk group, and values more than 1.5 indicated the sample belonged to the high-risk MM group. Both forward and backward variable selections were performed. The choice to enter or remove variables was based on minimizing the within group variability with respect to the total variability across all the samples.
Results
Gene expression patterns are an independent predictor of survival in myeloma
To identify a distinctive molecular signature of high-risk myeloma, we correlated early disease-related death with gene expression extremes. Gene expression levels from microarray data on CD138selected plasma cells from 351 newly diagnosed patients were divided into quartiles, and log-rank tests were used to identify 70 genes that were linked to short survival: 51 had high expression (Q4) and 19 had low expression (Q1) (Table 1), the expression levels of which are depicted in a colorgram ( Figure 1A ). Noteworthy is the simultaneous up-regulation of the 51 genes and downregulation of the 19 genes among the patients on the right-hand side. We therefore calculated the difference between the averages of Q4 and Q1 log 2 -scale expression for each patient. This unsupervised expression summary is interpretable as a log 2 -scale upversus down-regulated mean expression ratio (referred to as a risk score). Its frequency distribution reveals a distinct group having high log 2 up-/down-regulation ratios ( Figure 1B ). This is precisely the kind of extreme-expression group that Q1 and Q4 log-rank tests were designed to screen for, though both the frequency plot and heat map suggest that the group's size is smaller than 25%. Unsupervised K-means clustering of the log 2 ratio estimated its proportion at 13.4%. This group exhibited significantly poorer EFS ( Figure 1C ; P Ͻ .001), with an unadjusted HR of 4.51, and also inferior OS ( Figure 1D ; P Ͻ 0.001), with an unadjusted HR of 5.16. Significant associations are expected for the training cohort, in whom the 70 genes were discovered, and they are reported for illustration. The early disease-related death outcome was chosen specifically for the purpose of identifying target genes in aggressive myeloma and, consequently, only 24 deaths were available for the log-rank tests used for gene discovery in the original cohort of 351 patients. Supervised clustering with the 70 genes was applied to plasma cells from 22 healthy donors, 14 patients with MGUS, 351 patients of the training cohort, and 38 human myeloma cell lines. Results revealed that the low-risk myeloma group had a pattern similar to that of MGUS and normal plasma cells, while the high-risk group exhibited a pattern similar to that of human myeloma cell lines ( Figure 2 ).
Next, we sought to confirm the association of the expression signature with OS in an independent test cohort of 181 patients. Indeed, an independent, unsupervised clustering of the log 2 -scale up-/down-regulated expression ratio identified a proportionally similar subset of patients exhibiting extreme dysregulation (12.2%; Figure 3A ). A similar result of survival distribution and HR was found in both EFS (HR ϭ 3.41, P ϭ .002; Figure 3B ) and OS (HR ϭ 4.75, P Ͻ .001; Figure 3C ) as seen in the training cohort. Absence of a high-risk score identified a favorable subset of patients with a 5-year continuous complete remission of 60% as opposed to a 3-year rate of only 20% in those with a high-risk score (data not shown).
To further assess the validity of the clusters with respect to clinical features, correlations of various clinical parameters were analyzed between the low-and high-risk subgroups in both training ( Table 2 ) and test sets (Table 3) . A remarkable similarity of clinical feature distribution in risk groups was observed in both training and test cohorts: higher serum levels of ␤ 2 -microglobulin, C-reactive protein, creatinine, and lactate dehydrogenase (LDH), as well as FISH-defined chromosome 13 deletion and metaphase cytogenetic abnormalities, all were significantly more common in the high-risk group of both training and test sets (P Ͻ .05). Similarly, the clinically more benign CCND1 subgroup predominated in the low-risk and the MMSET/FGFR3 subgroup in the high-risk cohort, as depicted for the training set in Table 2 and for the test set in Table 3 .
In a multivariate analysis of variables associated with OS and EFS, the high up-/down-regulation ratio predictor (high-risk score) retained its significance after adjustment for competing genetic and clinical variables (even including the International Staging System [ISS]) in both the training set (Table 4 : HR ϭ 4.1, P Ͻ .001) and the test set (data not shown; P ϭ .025). Importantly, the high-risk score also was the only independent baseline parameter that affected complete response duration adversely (HR ϭ 3.07; P Ͻ .001). This strong prognostic performance of the GEP-derived risk score can be partly explained by its strong association with known clinical prognostic variables, as shown by a multivariate analysis with the up-/down-regulation ratio as the outcome (Table 5 ). While the variables in Table 5 may serve as temporary, partial substitutes for a broadly available GEP assay, Table 4 suggests that such an assay, combined with high-risk translocations (also measurable via GEP), has the potential to provide a powerful simple prognostic test for myeloma.
Gene-expression model predicts postrelapse risk and survival
When the 70-gene risk model was applied to relapse samples from 51 of the 351 patients of the training set, 39 (76%) exhibited a high-risk score ( Figure 4A ). In a paired analysis of Table 1 . Red color for a gene indicates expression above the median and blue color indicates expression below the median. Samples within myeloma risk groups were ordered so that the predicted risk increases continuously from left to right. Training cohort frequencies for sample differences between ratios of the mean of log2 expression of the 51 up-regulated genes/19 downregulated genes. This self-normalizing expression ratio has a marked bimodal distribution, consistent with the upper/lower quartile log-rank differential expression analysis, which was designed to detect genes that define a single high-risk group (13.1%) with an extreme expression distribution. Interpreted as an up/downregulation ratio on the log2 scale, higher values are associated with poor outcome. The vertical line shows the high-risk versus low-risk cutoff for the log2-scale ratio determined by K-means clustering: the percentage of samples below and above the cutoff is also shown. Kaplan-Meier estimates of EFS (C) and OS (D) in low-risk myeloma (green) and high-risk myeloma (red) showed inferior 5-year actuarial probabilities of EFS (18% vs 60%, P Ͻ .001; HR ϭ 4.51) and OS (28% vs 78%, P Ͻ .001; HR ϭ 5.16) in the 13.1% patients with a high-risk signature.
baseline and relapse samples, the 25 patients with low-risk designation at both diagnosis and relapse had a superior postrelapse survival, followed by 11 patients with low-risk designation at diagnosis and high-risk at relapse and 13 patients exhibiting a high-risk designation at both observation times ( Figure 4B ). There were only 2 patients with high risk at diagnosis and low risk at relapse.
Chromosome 1 genes are overrepresented in high-risk model
To determine whether the 70-gene high-risk signature may reflect specific gains or losses of genomic DNA in high-risk MM, the map positions of the 70 genes comprising the gene expression risk signature were compared (Table 6 ). While representing only 10% of genes on the microarray, 21 (30%) of the 70 high-risk genes mapped to chromosome 1 (P Ͻ .001): 9 (47%) of 19 Q1 genes mapped to 1p, with 5 mapping to 1p13; among 12 (24%) of 51 Q4 genes mapping to chromosome 1, 9 resided on 1q, while the 4 on 1p mapped to the extreme telomeric and centromeric regions of the p arm. These data suggest that gain of DNA material on 1q and loss of 1p are significant determinants of high risk in MM.
A 17-gene model can substitute for 70-gene model
Having shown that high risk is likely related to genomic alterations of chromosome 1, we next wanted to identify a minimum set of genes capable of discriminating high-risk and low-risk myeloma. Applying a MSDA of the 70 high-riskassociated genes across the high-risk (n ϭ 46) and low-risk (n ϭ 305) patients defined by the 70-gene model in the training set, we identified 17 genes in the resultant linear discriminant function ( Table 7 ). It is noteworthy that 3 (60%) of the 5 Q1 genes and 5 (45%) of the 12 Q4 genes in the model map to 1p and 1q, respectively. The 17-gene model was then applied to the training group and predicted, with 97.7% accuracy, the correct class based on the high-risk/low-risk classification of the 70-gene model ( Table 8) . A cross-validation analysis was performed where samples were removed one at a time from the sample set, and the predictive model was recalculated without that sample. Then the model was used to classify the removed observation. In this cross-validation approach, the prediction accuracy was 96.9%. The 17-gene model was then applied to the test set of 181 newly diagnosed patients receiving the second protocol UARK 03-033. The MSDA model again correctly classified 150 (94.3%) of 159 low-risk samples and 21 (95.5%) of 22 high-risk samples ( Table 9 ). The Kaplan-Meier estimates of OS of the high-risk and low-risk groups were similar whether defined by the 17-gene model ( Figure 5 ) or the 70-gene model ( Figure 3D ).
Relating 70-gene model-defined high-risk myeloma with molecular subgroups defined by unsupervised hierarchical cluster analysis
The high-risk model identified here was examined in the context of a previously defined molecular classification. 9 High-risk disease designation pertained to all myeloma classes except for the CD-2 type characterized by CCND1 or CCND3 spikes and CD20 and VPREB3 expression ( Figure 6 ). Despite a strong correlation between the high-risk signature and the proliferation (PR) subgroup ( Figure 6 ), the presence of outlier cases suggests that the high-risk signature not only reflects tumor cell proliferation but may encompass also other features of disease conferring short survival, such as drug resistance. Analysis of the 351 training patients according to a 70-gene high-risk cut point of .66 and a proliferation index (PI) of 5 ( Figure 7A ) revealed that high and low PI designations failed to identify subgroups with different survival among low-risk and high-risk groups ( Figure  7B ). When applied to the 50 patients with t(4;14)(p16;q32), the 70-gene risk score again separated low-risk and high-risk subgroups (P Ͻ .001; Figure 7C ).
Discussion
The survival variability of patients with MM is not well accounted for with current laboratory parameters, such as ␤ 2 -microglobulin and albumin levels used in the ISS staging system. 24 De novo high-risk disease may be fundamentally different from myeloma acquiring drug resistance and an aggressive clinical course after recurrent relapses. A central hypothesis of the work presented in this paper was that expression extremes of a subset of genes correlating with survival 3%) . The collapsed categories perform better as prognostic categories due to the similarity in outcome distribution for the subgroups within high-risk and low-risk categories and the small size of the MAF/MAFB subgroup. For EFS, the number of events or deaths was 138; for OS, it was 87; the R 2 values were 0.324 and 0.288, respectively.
-indicates insignificance for one or the other outcome. *Predictors with P Ͼ.05 for both outcomes: aged 65 years or older, metaphase cytogenetic abnormalities, albumin of 35 g/L or less, and C-reactive protein of 4 mg/L or more. †The average log2 (expression) of the 51 Q4 genes minus the average log2 (expression) of the 19 Q1 genes (ie, the log2 scale ratio of geometric mean up-regulated vs down-regulated genes). High risk by K-means clustering is 0.66 or greater (ie, a ratio of 1.58). might be representative of the effects of DNA copy changes in myeloma disease progression. We were thus able to identify a set of 70 genes, the expression levels of which permitted the identification of a small cohort of 13% to 14% of patients at high risk for early disease-related death. High-risk disease defined by this model was an independent and highly significant prognostic variable to be validated in the context of other treatment approaches.
The marked increase in the frequency of high-risk designation from 13% at diagnosis to 76% at relapse provides molecular evidence of disease evolution that influences postrelapse outcome. An aggressive myeloma phenotype, whether de novo or acquired, may develop through a similar mechanism. With further refinement of our model, we expect to develop tools for quantitative risk assessment during the entire course of therapeutic management.
In addition to its clinical relevance, our findings may also shed important light on the underlying molecular mechanisms that drive disease progression. A striking feature of the high-risk signature was the significant overrepresentation of genes from chromosome 1: nearly 50% of 19 underexpressed genes and 30% of 51 overexpressed genes were derived from chromosomes 1p and 1q, respectively. The predominance of chromosome 1q-derived genes in the high-risk score is in agreement with our recent report showing that disease progression is associated not only with an increase in copy number but also the percentage of cells with 1q21 amplification. 15 The gene expression-based high-risk signature defined here is also remarkably consistent with a class of disease defined by high-resolution aCGH profiling and characterized by high-level amplification of 1q21 and deletion of 1p13. 6 Taken together, these data suggest that alterations in this chromosome, either through genetic and/or epigenetic modifications, may play a significant role in disease evolution by providing a growth and/or survival advantage.
Using a combination of high-resolution aCGH and microarray profiling, we recently identified 47 minimal common regions (MCRs) of genomic gain across the myeloma genome and 207 genes mapping within these MCRs whose expression increases with increased in copy number. 6 When the expression of these copy number-sensitive genes was compared between the high-and low-risk classes defined by the 70-gene model, we found that only genes mapping to MCRs at 1q21, 1q22, and 1q43-q44 were significantly overexpressed in high-risk disease (J.S., unpublished data, July 2006).
Although this report implicates chromosome 1 genes as key players in disease progression, the residence of 4 other genes, FABP5, YWHAZ, EXOSC4, and EIFC2, in the 8q21-8q24 region implies that gains of 8q may also contribute to high-risk disease. These genes encompass recently defined MCRs of gain/amplification at 8q24.12-8q24.13 and 8q24.2-8q24.3. 6 Interestingly, expression of MYC, mapping to an MCR at 8q24, was not linked to survival in the current study.
Chromosome 13q14 deletion is an important predictor of survival in patients with myeloma treated on tandem transplantation trials. 25 It is noteworthy that loss of expression of a single gene mapping to chromosome 13q14, RFP2, which was previously identified as a candidate tumor-suppressor gene in B-cell chronic lymhocytic leukemia (B-CLL) with significant homology to BRCA1, 26 was again linked to poor survival in this analysis. RFP2 was also found to exhibit copy number-sensitive expression in myeloma. 6 The frequent alteration of chromosome 1 in many late-stage cancers, including 1q21 amplification in non-Hodgkin lymphoma, Wilms tumor, Ewing sarcoma, and breast and ovarian cancer, 12, [27] [28] [29] [30] [31] warrants studies to determine whether the gene expression model described here has prognostic relevance in other cancers.
Through multivariate discriminant analyses, we found that of the original 70 genes, 17 probe sets could be used to detect high-risk myeloma. Future work will be aimed at developing and validating a quantitative RT-PCR-based assay that combines these staging/risk-associated genes with molecular subtype/etiologylinked genes identified in our unsupervised molecular classification. 9 Assessment of the expression levels of these genes may provide a simple and powerful molecular-based prognostic test that would eliminate the need for testing many of the standard variables currently in use with limited prognostic implications devoid also on drug-able targets. Use of a PCR-based methodology would not only dramatically reduce time and effort expended in FISHbased analyses but also reduce markedly the quantity of tissue required for analysis. If these gene signatures are unique to myeloma tumor cells, such a test may be useful after treatment to assess minimal residual disease, possibly using peripheral blood as a sample source. The 181 newly diagnosed patients with MM were predicted into high-risk (16.6%) and low-risk (83.4%) groups as described. Kaplan-Meier estimates of survival in low-risk and high-risk myeloma showed 2-year actuarial probabilities of EFS (A) of 88% for the high risk (red) versus 50% for low risk (blue) (P Ͻ .001) and OS (B) of 91% for the high-risk (red) versus 54% for the low-risk (blue) (P Ͻ .001).
Figure 6. Relationship between high risk and low risk defined by the
70-gene supervised model and the 7-subgroup unsupervised classifier. 9 Data are presented as a stacked bar-view of the number of high-risk (red) and low-risk patients (blue) in each of the 7 subtypes, including the group of patients with the so-called myeloid signature (MY; far left). 
